The key purpose of this paper is to demonstrate that optimization of evacuation warnings by time period and impacted zone is crucial for efficient evacuation of an area impacted by a hurricane. We assume that people behave in a manner consistent with the warnings they receive. By optimizing the issuance of hurricane evacuation warnings, one can control the number of evacuees at different time intervals to avoid congestion in the process of evacuation. The warning optimization model is applied to a case study of Hurricane Sandy using the study region of Brooklyn. We first develop a model for shelter assignment and then use this outcome to model hurricane evacuation warning optimization, which prescribes an evacuation plan that maximizes the number of evacuees. A significant technical contribution is the development of an iterative greedy heuristic procedure for the nonlinear formulation, which is shown to be optimal for the case of a single evacuation zone with a single evacuee type case, while it does not guarantee optimality for multiple zones under unusual circumstances. A significant applied contribution is the demonstration of an interface of the evacuation warning method with a public transportation scheme to facilitate evacuation of a car-less population. This heuristic we employ can be readily adapted to the case where response rate is a function of evacuation number in prior periods and other variable factors. This element is also explored in the context of our experiment.
Introduction
In 2012, Hurricane Sandy made landfall in the U.S. and inundated parts of New York City (NYC), which caused substantial loss of lives and property damage. At least 113 people were killed. Heavy rainfall, storm surge, high winds, inland flooding, fires and heavy snow were all recorded in association with Sandy, as up to 60 million people in 24 states were affected [1] . In order to reduce injury and mortality from hurricanes, the necessity of efficient evacuation management is well recognized. To facilitate efficient evacuation, public and private decision-makers need to account for risk and uncertainty during hurricanes and behavioral and managerial factors need to be controlled. A major problem encountered during hurricane evacuation is unexpected congestion, which reduces traffic flows, especially in metropolitan areas, and it can be catastrophic and life threatening [2, 3] . The most notable lesson in this regard is that an evacuation plan can fail because of excessive reliance on automobiles, resulting in traffic congestion and fuel shortages [4] . Congestion can cause vehicles to run out of gas and create gridlock of the evacuation system, frustrating evacuees [5] . A study prescribed an evacuation plan which minimized the total congestion-related evacuation time [6] .
Evacuation planning helps households make more informed and efficient decisions and also helps the government develop a well-planned strategy to improve efficiency of evacuation.
Understanding evacuee behavior is essential if an evacuation plan is to be successful [7] . People's decisions to evacuate are likely influenced by multiple factors and one of the challenges to those responsible for managing evacuations from hurricanes is how to best inform and direct the public's response to the pending emergencies [8] . Even though evacuees typically make decisions by themselves, they also often want to choose the most reliable way to protect their families. As many studies [9] [10] [11] [12] indicated that in reality a share of travelers likely decides not to comply with the evacuation warnings. When they think those protective actions are unnecessary or are being initiated too soon [10] , or want to protect their property [11] , they are unlikely to comply with evacuation warnings. A study [12] concluded that the complex and somewhat bewildering phenomenon of why people sometimes decide not to evacuate from a dangerous situation is influenced by a combination of individual characteristics and three basic social psychological processes: (a) risk perception; (b) social influence; and (c) access to resources. Thus, people in evacuation zones may leave at different times or alternatively stay at home after they receive the warning messages. Good communication of risk during an evacuation is important so that the households not only get valuable information but also understand the risk they face, which could help them make suitable evacuation decisions. The process of risk communication of a hurricane involves sending different types of warnings over a period of time until the strike of the hurricane. The compliance of evacuation warnings may change over time and also will be affected by the sources of warnings. Based on the likelihood of evacuation after receiving different sources of warnings over time, we can predict, by zone, the number of people who will evacuate and when these peoples will depart, and thus make evacuation effective by controlling the warning system.
In this study, we assume that decision-makers have complete information on the response rate of evacuation when warnings are received from different sources in different time periods. In reality, this information comes from understanding evacuation behaviors. In the past decade, many researchers studied a multitude of evacuation behaviors extensively (see Section 2.2) that can provide evacuation response rates. Based on these response rates, we formulate a warning optimization problem that aims to optimize evacuation by managing congestion in the traffic network during the process of evacuation. The output of our model is an evacuation warning schedule.
The remainder of the paper is organized as follows. In Section 2, we provide a brief review of the relevant literature. In Section 3, we discuss model details related to shelter allocation and hurricane evacuation warning optimization. A case study of the proposed models is presented in Section 4. Concluding remarks and future work considerations are offered in the last section.
Literature Review
The key components of this research are maximizing the number of evacuees and reducing congestion during hurricane evacuation by optimal utilization of the warning sources with strict time constraints. Therefore, in this section, we present separate reviews of the literature in the general area of hurricane evacuation planning and warnings.
Hurricane Evacuation Planning
A study reviewed the research of evacuation modeling and simulation over the past decade, which highlight the need of interdisciplinary efforts between social scientists and engineers in the future [13] . This study included major components of roadway transportation planning and operations and concluded that evacuation models should be based on the following aspects: evacuation warnings and information dissemination, zoning, demand modeling, traffic assignment and route selection, evacuation strategies and logistical issues.
The mode of transportation taken to evacuate mainly depends on different population groups. The most traditional mode choice is to evacuate by private vehicle [14, 15] . The main reason of choosing other modes is related to the unavailability of a personal vehicle (car-less population).
Lindell and Prater [16] revealed that evacuees who have personal vehicles are largely assumed to evacuate by themselves. The majority of studies on improving the efficiency of evacuation focus on traffic assignment. A research reviewed studies related to emergency evacuation planning and paid particular attention to the network design problem (NDP) since most strategies and approaches of evacuation planning can be formulated as an NDP [17] . The study [18] presents a capacitated network flow model to maximize the total evacuees for short notice evacuation planning represented by hurricanes. The approach is based on the time-expanded network, and, as a result, a decision-making tool is developed that deals with assigning evacuation routes, flows and schedules. NDP considers capacity constraints of evacuation networks necessary for evacuation planning. Background traffic is a factor that cannot be ignored, affecting the practical capacity of an evacuation network. An optimal zone-based vehicle evacuation strategy was developed based on an optimization-simulation approach, which included background traffic to simulate the traffic conditions [19] . It is noted that the use of a car to evacuate depends very much on the location of the nearest safe zone. A study used diurnal factors to convert average daily trip tables to average hourly trip tables and describe a hurricane evacuation model concerning the background demand obtained from the normal daily vehicle trips by hour [5] .
Although most evacuees leave by taking their own cars, some researchers have investigated the needs for car-less populations and efficient use of public transportation since Hurricane Katrina [4, [20] [21] [22] . A study that we specifically draw upon in our case study proposed a multistage approach for public transportation evacuation, formed by a planning framework and a model by using a simulation tool to simulate dispatching of the given number of buses, stochastic arrival of evacuees, queueing effects at the pickup locations, and the transportation of evacuees to safety regions [23] . This study only focuses on the public transportation, and provides a mass-evacuation strategy that serves as an evaluation tool for a route design. Our study also considers self-evacuation. By using a warning schedule, we integrate the multistage approach with the demand of public transportation, in order to help with evacuation planning.
Clearly, hurricanes are not the only natural disaster events that lead to mass evacuations. Another example of this are flood events, especially work from the Netherlands. For example, the work by Pengel et al. [24] discusses an urban flood warning system that monitors data from a variety of sources, including embankments, dikes, levees and dams. Such a system can be compiled with evacuation of flood prone areas.
Hurricane Evacuation Warning
Warnings are messages that are transmitted from a source via a channel to a receiver, so the message, source and channel can strongly influence evacuation behavior [25] . A warning source is the agency responsible for initiating hazard communication with the public. Sources can be government authorities, media figures, or peers such as friends and relatives [26] .
According to extensive research in hurricane evacuation, receiving a warning is the main reason for people to make an evacuation decision. Clear and effective communication of evacuation orders is crucial to carrying out an evacuation [13] . In order to better manage hurricane evacuations, a study analyzed Hurricane Lili from the perspectives of household reliance on information sources, factors affecting their decisions to evacuate, timing of their hurricane evacuation decisions, and the time it takes them to prepare to evacuate [27] . Evacuation studies conducted over the past two decades have found that various population groups employ different sources to seek evacuation information [28] . Evacuees behavior were motivated by the Governor's official evacuation order, Weather Channel/ National Weather Service/local news, local officials' warnings, and actions/advice from peers [29] . During Hurricane Bret in 1999, television networks were found to be the most important source of information, followed by local radio broadcasts [30] .
Advice and orders from officials strongly affects evacuation behavior, even though they receive information from public officials less frequently than from other sources, and a series of evacuation studies have proved that people are more likely to evacuate if they receive state or local official evacuation orders or if they receive threat assessments from a reputable weather channel such as the National Hurricane Center. A hurricane evacuation behavior survey was administrated in order to understand pre-hurricane evacuation decisions and communication preferences of residents [31] . They found that evacuees prefer leaving in the daytime rather than at night.
Studies emphasize the importance of multiple sources of information in studying evacuation behavior [32] , stating that multiple information sources affirms an evacuation warning, thus coaxing an individual to evacuate [33] .
In terms of the sources of hurricane information, the Weather Channel and numerous web sites provide forecasts and hurricane-related information around the clock [34] . Warnings can be received from the U.S. Weather Service, media outlets, peers (friends, relatives, neighbors, and coworkers), and government officials [35] . However, not every source has equal credibility, which results in different compliance of an evacuation order when people seek information from various sources.
In the U.S., the National Weather Service (NWS) of the National Oceanic and Atmospheric Administration (NOAA) issues hurricane watches, warnings, and several other hurricane-related alerts. The NWS issues a hurricane warning for an area when weather conditions for a hurricane are expected within 36 h [36] , since the NWS sends weather warnings to phones and people will automatically pick up warnings by nearby cell towers [37] . The warnings from the NWS are authoritative and credible, which could help people make evacuation decisions.
Moreover, media outlets such as television, radio and newspapers are reported as the most important sources of hurricane information in previous studies, especially television broadcasts [30, 38] . This is the most traditional way to obtain hurricane information, since it is considered to be high in expertise and trustworthiness [27] . However, one should note that the least effective approach was "issuing a bulletin through the media" according to the report conducted by the New York State Resiliency Institute for Storms and Emergencies [39] .
Furthermore, social networks are another source that cannot be ignored, which means obtaining warning information from peers, through phone apps, social media, or word of mouth. Friends and families often are viewed as trustworthy sources [35] , and social media has drawn attention in recent years due to its enhanced features in sharing information [40] .
Last but not the least, the advice of state officials and local emergency managers has been among the key factors affecting people's decisions to evacuate [34] . If the danger is significant, state or local government officials may issue an evacuation notice, which could be mandatory or voluntary. Some studies indicate that travel door-to-door urging evacuation and explaining risk of remaining behind by using uniformed officers is the most effective way to communicate [39, 41] . According to the report after Hurricane Sandy developed by the Mayor's Office with input from many NYC agencies, NYCHA (New York City Housing Authority) employees knocked on 3436 doors of residents who have special needs as well as the doors of 7680 seniors preceding the storm [42] . As an information channel, social media has also been used by officials for sending warning messages. The NYC sent more than 2000 tweets and gained more than 175,000 social media followers during Hurricane Sandy as the report showed [42] . In addition, local emergency management staff also praised the Weather Channel for public education and information, which provides a national and local weather forecast for cities, as well as weather radar, report and hurricane coverage [43] .
In summary, there is considerable understanding of evacuation modeling from the perspective of communication strategies. In addition, many studies investigate utilization of evacuation warning sources and their potential impact on evacuation behavior during hurricanes. However, most studies focus on the effect of information sources on the decision-making of an evacuation and there is no investigation of how to use the warning sources in different time periods prior to the hurricane disaster. The at-risk public can be served by continuous education in order to make them understand the meaning of evacuation warning [39] . Our study develops a method to provide a schedule of sending evacuation warnings and also helps reduce congestion during a hurricane evacuation.
Hurricane Evacuation Response Rate
Evacuation demand can be predicted by using the response rate of evacuation if we have enough knowledge of the individuals' decision of evacuation such as evacuating or not and when to evacuate. This decision process is affected by multiple factors, such as the characteristics of a household [44] [45] [46] [47] [48] [49] [50] [51] [52] , conditions in which they reside (e.g., income, type of house, vehicle ownership, time of day) [49, 50, 53, 54] , warning time [55, 56] , perceived information [57] [58] [59] [60] [61] [62] and personal risk perception [63] [64] [65] [66] [67] [68] .
In the field of evacuation behavior, a lot of studies agree that individuals make evacuation decisions according to how they perceive risk, and this is why the researchers take risk perception as the most prominent factor. A substantial number of empirical studies supported the fact that people would like to seek information, assess their personal risk, and make independent evacuation decisions rather than follow the advice and orders from public officials. This explains the need to improve our understanding of the type of reaction that this information triggers among evacuees.
Among the factors, the characteristics of the household show a significant effect on the evacuation decisions [44] [45] [46] [47] [48] [49] [50] , including its timing [51, 68] , destination [28, 67] and mode [52] . One reason is that the characteristics of the household are consistently associated with risk perception. A similar statement can be made about factors related to information. They all affect risk perception as risk is influenced by social dimensions and particular contexts [65] . According to the characteristics of the household, we divided the people into different groups (types), and each group has their own risk-perception rule.
Evacuation demand models should be sensitive to time-varying characteristics of a storm and the contextual conditions surrounding an evacuee [49] . Thus, the likelihood of people to evacuate also needs to consider the time dimension. For example, when people receive a warning at the beginning, they need more information to confirm the risk and more time to prepare evacuation, so the evacuation response rate is usually lower. On the contrary, if they receive a warning when the hurricane is within a few hours of landfall, the public risk perception is higher and usually leads to higher likelihood of evacuation. Therefore, the evacuation response rate distribution obeys an S-curve as postulated in many studies [69, 70] .
We set up a response rate variable p ijt that related evacuee type (i), sources of the information (j) and time (t) to represent risk perception level, which is the leading factor that influences evacuation behavior.
By using discrete choice theory, the sequential logit model is developed used to predict the share of people who will evacuate [53] . It relates time dependent factors to a sequence of choices made by an evacuee in multiple time periods. A study compared the time-dependent nested logit model and the time-dependent sequential logit model, concluding that the time-dependent nested logit model is superior [49] . In order to understand the causal factors that influence the household-level evacuation timing decision, the random parameters are used in a hazard-based modeling approach [68] . The study concluded that, in addition to environmental, social and demographic factors, risk perception is another key element to understanding the influence of warning response in an evacuation setting.
It is evident from the above discussion that we can reliably obtain p ijt values from evacuation behavior modeling studies. For our analysis, we assume perfect knowledge of p ijt values and further assume that these are deterministically known. To increase realism of our model, we allow p ijt to vary depending upon the evacuation outcomes of time periods.
Research Methodology

Notation
Mathematical notation used in this paper is listed in Table 1 . Type is defined as the kind of evacuees who evacuate by using a specific transportation mode. We use i ∈ I to denote the types. Another index j ∈ J is used to denote the information source. It is essential to clarify that J is a combination of warning sources, which means that we could send evacuation warning messages through different sources at the same time. Furthermore, network G = (N , A ) represents the transportation network in the area of interest. In this network, N , A represent the total nodes and arcs, respectively, but, in fact, the network is typically large and it is not necessary to take all the nodes and arcs into consideration. Thus, we use N, A to represent the nodes, arcs which are used in the process of evacuation and divide the set of nodes N into three subsets: N k as evacuation zone nodes, N d as evacuation shelter nodes and N o as intersections of evacuation routes. Other parameters and indices are explained in Table 1 . Table 1 . Definition of indices, input parameters and decision variables in the model. number of evacuees of type i in evacuation zone k at beginning (time period 1) p ijt evacuation response rate of type i evacuees who received warning from source j at time t C a capacity of link a in travel network B at background traffic of link a at time t in travel network R t capacity of public transportation at time period t δ ak 1, if link a is used by the evacuees from zone k 0, otherwise
Decision Variables
w ikd 1, if evacuees of type i in zone k are assigned to shelter d 0, otherwise x ijkt 1, if a message is sent to type i evacuees from source j in zone k at time t 0, otherwise n ikt number of evacuees of type i in evacuation zone k at time period t, t ≥ 2
Objective and Process
This research aims to optimize warning messages from different sources to specific types of evacuees prior to a hurricane landfall. Warning optimization is a key component of an evacuation plan, allowing management of congestion and proper utilization of evacuation resources like public transportation. The following process is suggested:
1. Identification of danger zones: Identification of risky areas that need to be evacuated depends on the severity of hurricanes. Division of the risky area into geographic zones, and census tract boundaries are used in this study, as this facilitates the generation of population information.
Location of evacuation zone nodes according to the size and location of the tracts is accomplished using zone centroids. 2. Identification of evacuation routes: After locating the evacuation zone nodes and shelter nodes, we need to determine the routes that evacuees could take. We assume that all evacuees who evacuate by themselves would like to evacuate using the shortest path. Thus, we calculate the shortest paths from each evacuation zone to each shelter by using Dijkstra's algorithm. However, we note that if more information on realistic route choice decisions are available, this can be used to define δ ak . 3. Assignment to shelters: Usually, government agencies set up shelters that are safety areas in response to a hurricane. Considering the capacity of each evacuation shelter, it is typically impossible to accommodate all the people if all evacuees choose the nearest destination. We use a shelter allocation model to assign evacuees from different zones to specific shelters, so as to minimize the total evacuation distance without exceeding the capacity of each shelter. Moreover, when we decide which shelter to use, the route to the destination is determined (δ ak ) due to the assumption of choosing the shortest path. 4. Evacuation warning optimization: After the above steps, all the input data of our hurricane evacuation warning model are obtained. This model maximizes the total number of evacuees by controlling the spread of warning messages. Its output is an evacuation warning schedule, which provides government decision-maker specific suggestions of spreading warning messages.
Mathematical Models
Subject to:
The objective in (1) states that the total travel time from all the evacuation zones to shelters is to be minimized. Constraint (2) makes sure that the number of people who choose to evacuate by themselves to each assigned shelter is no more than the shelter's capacity for private transport. Constraint (3) makes sure that each evacuation zone is assigned to one shelter. Constraint (4) defines the decision variables as being binary.
The main purpose of this model is to find out the destination of self-evacuation and then identify the corresponding shortest paths in the transportation network. Thus, we only take private transport into consideration for shelter allocation. For the public transit part, we use another model [23] to assign shelters and generate subnetworks for public evacuation route in the case study (Section 4.2.4).
Hurricane Evacuation Warning (P)
Max
Subject to
The objective in (5) is to maximize the total number of evacuees at the end of evacuation time period T. Constraint (6) makes sure that the number of people who evacuate by themselves that use each link is no more than its capacity. Constraint (7) makes sure that the public transport capacity at each evacuation time period is enough for the people who evacuate by public buses. Constraint (8) calculates the number of evacuees of type i in zone k at the next evacuation time period; this is the number of the evacuees of type i in zone k who remain. Constraint (9) ensures that, in each time period, there is no more than one way to send the warning messages to the particular type of people in one zone because each way (j) represents different possible combination of warning sources. Constraint set (10) defines the decision variables as being binary.
In this model, we take network capacity into consideration as indicated in Constraint (6) in order to minimize the impact of congestion during an evacuation. However, there are also many other factors that could cause congestion in reality. It is noted that the problem of evacuation congestion has been widely studied in the field of transportation research [2, 71, 72] . We use a simple constraint method for congestion control. Constraint (6) takes background traffic into consideration when we calculate the road capacity, which refers to vehicles in the network that do not belong to evacuation traffic. It is often estimated as a percentage of normal trip tables or a modification thereof [13] . Background traffic includes typical day commuting trips of people who have not received evacuation warnings, trips made in preparation for evacuation such as gathering family members, trips made to gather supplies by those who do not intend to evacuate, and trips made by those evacuating from their homes passing by this region.
In our case study (Section 4), we make the assumption that people choose the shortest paths to assigned shelters or other places near the shelters as the evacuation destinations. Therefore, evacuation routes of self-evacuation are obtained after solving the Shelter Allocation Model, which is an input (δ ak ) to the Hurricane Evacuation Warning Model, as indicated by Section 3.2. Nevertheless, it is well-known that evacuees would like to evacuate to hotels, friends/relatives' homes and other places, not just the assigned shelters. Furthermore, the shortest paths can also be replaced by other routes. Thus, when this model is applied to practice, besides choosing shelters as destinations (consistent with β in Shelter Allocation Model), the deformation of constraints (6) can further accommodate traffic that travels to hotels or other places by adding known traffic. In addition to this, δ ak can also be updated if we had more information than just assuming the shortest path.
We note that n ik1 is known, but n ikt , t ≥ 2 is a decision variable. Therefore, (P) is nonlinear (e.g., see the objective function (5) and constraints (6)- (8)). Due to these nonlinearities, (P) cannot be solved using a solver like CPLEX. To obtain a heuristic solution for (P), we employ an iterative procedure, which works as follows. We start by determining x ijk1 values by solving the following problem:
x ijk1 ∈ {0, 1} ∀i ∈ I, ∀j ∈ J, ∀k ∈ K.
Then, we use the values of x ijk1 variables to obtain
where x ijk1 is the optimal solution for time period 1 from the iterative procedure. We use for values updated from the iterative procedure including n ik2 , the remaining population at zone k at time 2. After this, we repeat the process T times, successively obtaining x ijk1 , x ijk2 , ... , x ijkT values and the corresponding n ik1 , n ik2 , ... , n ikT values. The problem (P 1 ) and the successive problems (P 2 ), (P 3 ), ... , (P T ) are linear and can be solved using a commercial MIP solver like Gurobi Optimizer. It should be noted that there is no guarantee that the solution obtained using this iterative scheme is optimal to (P). We argue, however, that the iterative procedure provides close-to-optimal solutions through the cases in Appendixes A and B. In the first case (Appendix A), we demonstrate that the iterative scheme method could get the optimal solution if there is a single type of evacuee in the single zone. In the second case (Appendix B), when there are multiple zones, we find a counterexample that shows our scheme is not the optimal. However, this situation is one of "exceptional cases" and there are few such cases under the practical condition. For example, for multiple zones (share the same links) evacuating in two time periods, this situation happening should meet at least the following two conditions: (1) the maximum number of evacuees of iterative scheme solution in the last time period is much less than the capacity and the gap is large enough; (2) the response rate of the last time period is much higher than the first time period. In reality, these two conditions are very unlikely.
Discussion
We developed and tested a simulated annealing heuristic to improve the solution obtained from the iterative heuristic. Despite extensive attempts, we were not able to use simulated annealing to improve the solution obtained by the iterative heuristic. This indicates that our iterative scheme method may have already found a near-optimal solution, as indicated by the result in Appendix A.
The Hurricane Evacuation Warning Model is a multi-period model, which organizes the release of warnings. When using the sequential logit model to estimate dynamic travel demand, the decision to evacuate is considered as a series of binary choices over time [53] . Thus, as the government sends warnings strategically over time, it makes an impact on the evacuation decision. Even though not all the people would comply with the warnings, the response rate for evacuation in a certain time period is affected by the warnings source, and also the time period (time pressure) and the type of people receiving the warnings.
There could be any interactions across periods, leading to p ijt values changing as the evacuation process evolves. For example, as the number of non-evacuated individuals in a zone declines, this zone would tend to have a lower response rate. Thus, the p ijt of a zone might be expressed by the function of f ( ∑ j∈J x ijkt−1 p ijt−1 , S ijkt ). Here, we define S ijkt = 1 if an evacuation warning has been issued before time period t, and 0 otherwise.
One advantage of our iterative scheme method is its ability to change parameters after each iteration. When we run the model, we calculate the remaining people of each time period as an input to the next period, and this gives us an interface to recalculate the p ijt based on the actual situation that happened in order to get more realistic evacuation demand. Moreover, the capacity of links (C a ) can also be modified after each iteration. The case where p ijt values are changed to reflect response in prior periods is tested in the case study (Section 4.2.2).
Case Study
For this study, Brooklyn (Kings County) in New York was chosen to be analyzed under the backdrop of Hurricane Sandy. A hurricane evacuation warning schedule is generated as an outcome of our model. To establish a point of comparison, we conduct another experiment that sends evacuation warnings from all the sources together for each time interval. We also discuss the integration of public transit into the evacuation planning approach.
Data Collection
Traffic Evacuation Zones and Shelter Locations
NYC Emergency Management plans and prepares for emergencies, educates the public about preparedness, coordinates emergency response and recovery, and also collects and disseminates emergency information. New York City's hurricane contingency plans are based on six evacuation zones that are color-coded. Figure 1 shows the evacuation area with different color labels for Brooklyn; the red zones are the most affected zones. Figure 1 also presents the evacuation centers in Brooklyn, which are labeled by blue points. These locations are the shelters provided by the government and the information of the shelters are available online for the public to prepare in case of an emergency. The capacity of each shelter can be found on the Sandy Facilities list.
Other Parameters and Assumptions
In order to obtain the number of people in evacuation zones and also the traffic network information, Quantum GIS (QGIS) is used for visualization of shapefiles (geospatial vector data format) and gathering of the information together.
Firstly, the underlying road network of Brooklyn has been taken from the metropolitan planning organization, New York Metropolitan Transportation Council (NYMTC). In addition, the shape file is created in QGIS, which includs basic information of the network such as the path distance, direction, and number of lanes. Secondly, the shapefiles of Brooklyn Census Track dataset which join the geometry and selected attributes from the 2010 Census TIGER/Line Shapefiles and the 2010 Census Summary Demographic Profile are added in QGIS. In addition, according to the Figure 1 , the evacuation area is divided by tracts as separate evacuation zones and all the zones and shelters are located on the map shown as Figure 2 . Based on the evacuation zones (tracts) information, the evacuation zone nodes are also located as the aggregate demand points. These nodes and underlying network are all displayed in Figure 2 . The second step of our approach is to determine possible evacuation routes. Movement occurs from each evacuation zone node to each possible shelter using the underlying network. Travel time of each path is calculated first by using the path distance divided by the average vehicle speed on that path. Then, Dijkstra's algorithm is used to find the shortest path from each zone to each shelter and a shortest travel time matrix is generated, which is an input data (r kd ) to the Shelter Allocation Model. After solving the Shelter Allocation Model, the links (a) used for each zone (k) are identified (δ ak ), as an input to the Hurricane Evacuation Warning Model. It is noted that, for odd-shaped zones (e.g., west bank of Brooklyn), we can get unrealistic shortest path and allocation matrices.
Other inputs of the models are illustrated as follows:
Time interval (T): 3 h/interval (36 h), T = 12.
Number of different types of evacuees (n ikt ): Considering the percentage of car-free households (56%) in New York City, we make the assumption that 44% of people evacuate by themselves (i = 1) and 56% of people evacuate by public transportation (i = 2).
Percentage of people assigned to shelters (β): Not all people prefer to evacuate to shelters. In fact, most evacuees like hotels and relatives' houses. A study predicted that averages about 15% of evacuated population use shelters in the United States by using behavioral survey data [73] . Thus, in this case study, we assume that 15% of people evacuated by themselves and assign them to the corresponding shelter (β = 15%). Actually, β might be less than that according to research reported [74] , but we take the worst situation into account in order to make sure that all the shelters could accommodate assigned people.
The evacuation response rate after receiving a specific warning (p ijt ): This parameter is calculated based on evacuation behavior research and is an input from the social science field. Since it is not a key object of this research to determine accurate p ijt values, we assume that values of this parameter can be calculated based on relevant references in the social science field [53] . The fixed input numbers are set subject to these rules: (a) people who evacuate by themselves are more likely to evacuate by public transportation; (b) people would like to evacuate after receiving information from an official source, followed by NWS, media, friends and relatives. This means an evacuate decision is made based on different information sources to varying degrees; (c) just as normal daily trips, people usually choose to evacuate in the daytime rather than by night; (d) people make the decision of evacuation follows some rules about the time before a hurricane landfall, and the cumulative departure usually follows an S-curve. Based on the above, along with the practical situation of evacuation under the scenario of a hurricane, we assume knowledge of the p ijt parameters (Appendix C).
Capacity and Background Traffic: The capacity of a road is 2400 vehicles per hour per lane for a freeway and 1800 vehicles per hour per lane for urban roads [75] . Since there is limited information about the amount of background traffic that would be present during an evacuation, approximations of background traffic are used based on recorded daily traffic volumes [76] . A uniform distribution is assumed for the rate of decline of the background traffic. This study calculates background traffic as a percentage of normal trip tables, which declines as the evacuation occurs and decreases to zero. We use the Hourly Traffic Data, which is the percentage of AADT (Annual Average Daily Traffic) occurring in each hour of the day, to generate normal daily trips data of Kings county (Brooklyn). According to the study, which makes the hourly distribution translate into sound levels using statistical data [77] , we employ an hourly traffic volume distribution table, and the AADT data of Brooklyn, which is obtained from New York State Department of Transportation (NYSDOT), to generate normal trip tables. Due to the uniform distribution for the rate of decline of the background traffic, the background traffic volume also could be calculated for each time interval. It is to be noted that, when we calculate the capacity of each link, we assume two persons as the average number in each vehicle, so as to convert the capacity unit as persons per link.
Analysis of Results
Computational Results
We use the Brooklyn data to show the computational performance of our model. Given the initial number of people in each evacuation zone, we solve the Shelter Allocation Model and optimize the warning messages in the first evacuation time period using the Gurobi Optimizer (mathematical programming solver), and then compute the evacuate number to calculate the next time period of people who did not evacuate. At last, we use the iterative scheme outlined to determine the optimal warnings for each time period. Figure 3 shows the zones needed to send specific types of warnings at different time intervals. As shown in Figure 3a , in the zones colored green, we do not send any evacuation messages in the first time period in order to avoid congestion, and almost all the other zones, except zones 64 and 65, where we send warning messages from all the sources. From Figure 3b , we see that there are more zones that need to send no warning at time period 2. In addition, what should be noted is that at time intervals 8 and 9, there are more warning source types that need to be used to improve evacuation efficiency, and all the used warning types in the solution are labeled in Figure 3 . The table in Appendix D is the warning schedule of the Brooklyn area during a hurricane of Category 1. The zone column represents the tracts that are needed to evacuate Brooklyn, and are divided into 71 zones. The other columns are the warning source types at the corresponding time intervals. In this case, j = 0 means sending no evacuation messages to this zone; j = 1, 2, 3, 4 represent sending messages from official, NWS, media, and social network, respectively; j = 5-10 denote sending messages from two kinds of sources at the same time interval; j = 11-14 respect for sending messages from three kinds of source combinations; j = 15 sends messages from all the sources together ( Table 2) . Table 2 . Definition of warning type. In the result shown (Appendix D), at times 5 and 6, there are no evacuation warnings. This is because we set 12:00 p.m. as the beginning of the evacuation period and thus time intervals 5 and 6 refer to 12:00-6:00 a.m. in this case, and we assume that there are no warnings during the night. At time intervals 10-12, there are not so many people needed to evacuate compared to the road capacity. Therefore, all the warning source combinations should be used to evacuate more people.
Warning Source
In this experiment, there are 413,302 people living in the evacuation zones at the beginning, and 393,742 people who evacuate at the end. This is a 95% evacuation rate.
Adjustment of Response Rate
Our iterative scheme makes it possible to adjust p ijt at each time period, no matter how it changes, and even make it specific to distinguish zones as p ijkt if it is necessary. Based on the previous case, we make some adjustments of parameter p ijt , in order to show the procedure of our method, which changes the input parameters over time. The examples are as follows: Example 1. The parameter p ijt is sensitive to the time interval, as in this case study. Since people might need more time to prepare for an evacuation, the prior time period warning could lead to an increasing evacuation rate at this time period, which also gives us the insight to conduct an evacuation demand model by considering mobilization time in future work. We illustrated this case as the situation when people receive warnings during the first time period but evacuate during the second time period, thus increasing the p ij2 value. Example 2. After several time periods, as the number of non-evacuated individuals declines, the p ijt tends to be lower, which means that the utility of warning decreases. We illustrated this case as after time period 7, and p ijt for t ≥ 7 is decreased over time.
The following steps are details of p ijt adjustment in our method, and we put these two examples in one experiment:
•
Step 0. All the data inputs are the same as the previous case study.
Step 1. Solve the shelter allocation model and hurricane evacuation model of time period 1 (Model (P 1 )) by using Gurobi.
Step 2. Adjust values of response rate at time period 2 as p ij2 . Then, update this parameter p ij2 along with n ijk2 obtained from Model (P 1 ), input to Model (P 2 ), and solve the linear problem (P 2 ).
Step 3. For time periods 3-6, repeat the iterative procedure with updated n ijkt values by using the solution of the previous time period ( x ijkt−1 ). Other parameters are the same as the previous case study. Although p ijt during time periods 3-6 are the same as the previous case study, because of the changing of p ij2 , the results for time periods 3-6 are different.
Step 4. For time periods 7-12, similar to step 2, updated values of p ijt each iteration, in addition to n ijkt values, and then get the result of the whole warning schedule.
The updated numbers of p ijt are shown in Appendix E, and the result of this adjustment are shown in Appendix F. In this case, for 413,302 people living in the evacuation zones, it leads to 382,541 people evacuated at the end. This is a 92% evacuation rate. Appendixes D and F are the warning schedules with the adjustment of parameter p ijt . By contrasting these two strategies, we found that when the p ij2 increase (Example 1), the warning sending solution needs to change in the zones 4, 15, 19, 64, 65 at time period 2 and also affects the strategies of the next period. As p ijt changes in the last several time intervals (Example 2), it mainly affects the strategies of time periods 8 and 9 in zones 55-65 because these zones' evacuation routes share capacity of the same roads. In the last three time periods, the effect of the warning is so minor that most of the people who decided to evacuate have already left. It should be noted that we could also use this procedure to change the capacity of links if many two-way roads were turned into one-way roads heading away from the coast according to the actual circumstance. Figure 3 shows the evacuation warning schedule that gives us different warning sending strategies with the change of time period. We conduct another experiment to compare with the situation when all the warnings are sent to each zone in each time period.
Result Comparison
In the second experiment, all of the data are as the same as the first one. We only change the warning sending strategy by sending all warnings together at each time period. In this case, people attempt to evacuate at the same time, which raises the demand of evacuation in all risky zones. However, it is infeasible to apply this solution to our model, due to road capacity violation. Figure 4 is the traffic network of evacuation in Brooklyn at the first and second time periods, and it shows blocked roads (colored by red) when we send all evacuation warnings. In this case, we can not evacuate all the people who want to evacuate. On the contrary, the evacuated cars could be stuck on the road and this reduces the evacuation efficiency.
If we assume that all the people can be evacuated in time regardless of the road capacity, we can send all the warnings together at each time period in order to evacuate as many people as we can. Then, the evacuation rate is observed as shown in Figure 5b . In Figure 5 , private lanes refer to the use of the shoulder and center turning lanes for regular traffic, whereon public lanes refer to the use to regularly usable lanes. Compared with the evacuation rate of the first experiment, which is the result of optimal warning sending solution (Figure 5a ), the evacuation rate of all warning increases faster in every time period except time periods 5 and 6, and almost all the people evacuated before time period 10. However, in reality, it is impossible to respond to the maximum demand of evacuation like Figure 5b shows because of the limitation of road capacity. As is shown in Figure 4a , at the beginning of evacuation, there has already been traffic congestion in some links. Moreover, in the next time period, another large amount of cars join for evacuation, causing further congestion. Thus, it would definitely delay the evacuation process if all warnings are sent in each time period, since avoiding traffic congestion is an essential prerequisite for improving the efficiency of evacuation. Figure 5a shows the evacuation rate of the first experiment, which gives the optimal solution of sending warnings in order to avoid congestion, and it is likely the highest achievable evacuation rate in actual conditions which take road capacity into consideration. In order to view the distance effect on the optimal result, we classify the zones into three categories. Zone 1 are the zones farthest from shelters, Zone 3 represents the nearest zones, and Zone 2 are the zones in the middle. According to the Figure 6 , the distance between the evacuation zone and shelter has a notable effect on evacuation planning by analysis of the result of our optimal warning solution.
The most obvious difference between the nearest zones and farthest zones is that the closer evacuation zones are from shelters, the faster the evacuation rate goes up, which is clearly shown in Figure 6a ,c. It means that, in the optimal solution, in order to evacuate as many people as we can, it is necessary to evacuate the nearest zones before the farther zones, and Figure 6d shows the contrast of total evacuation rate in different zones clearly.
Evacuate by Public Transit
For public transportation, we used a multi-stage approach presented by Swamy et al. [23] in this paper. In their approach, they first use a Set cover model to obtain a set of pickup locations, then run a Shelter assignment model to create the subnetworks that are the input to the Initial-route generation model, and employ a Simulation model to reproduce a real world environment. In our case study (experiment 1), we generated a warning schedule for both self-evacuation and car-less population, thus obtaining the evacuation demand for different population types. However, due to the capacity limitation of public transit, and evacuee-based events such as balk, not all people could be evacuated in a real-world environment. Therefore, we extend our case study by using the methodological framework [23] to analyze the real public evacuation rate. In the study of public transportation [23] , they also analyze the evacuation during Hurricane Sandy in the area of Brooklyn. Since the same database is used in our research, we obtain the same results of the Set cover model, Shelter assignment model, and Initial-route generation model, which act as inputs to the simulation. The chosen bus stops are shown in Figure 7a . Our solution of sending warnings to the people evacuated by public transportation generates a more realistic arrival demand of each pickup location over time. Thus, we do some changes of the simulation parameters as follows: In addition, it is necessary to mention the following points as supplements to illustrate the input data. Firstly, all of the areas chosen for analysis are the same as experiment 1, which is the Brooklyn region, so the number of people at each tract is unchanged. However, when we assign the number of people to the pickup location (bus stops), all the people at zone nodes demand are merged to the nearest pickup location except one zone (zone 71) shown in Figure 7b , which records the number of evacuees coming from Staten Island. The reason we account for the self-evacuation in this zone is that Staten Island is connected to Brooklyn by the bridge, and some of the people living in the part near Brooklyn might want to evacuate to Brooklyn by their own vehicles. However, there are some shelters located on the island, and there is no need for people who evacuate by public transportation to walk to the bus stop in Brooklyn due to the distance. By using these data as an input to the simulation model, we can obtain the percentage evacuated. Figure 8a shows the comprehensive results of evacuation rate by using this method. As we can see, there is little difference when comparing Figures 5a and 8a, which is caused by the difference of public transportation rate. Actually, the public transportation rate curve in Figure 5a is the demand over time, which means that, when we send the warnings as planned, we get the percentage of people who choose to evacuate instead of staying at home. Figure 8a describes the rate of evacuation, which means the rate of people who have already evacuated by public transportation-it must be lower than the demand rate in Figure 5a .
In order to assist with the decision-making process, we also analyzed the effect of the number of buses used on the evacuation rate. According to the report after Hurricane Sandy, the NYCHA and NYPD (New York Police Department) provided 200 buses to help residents evacuate [42] . Since the buses are used for evacuating all of NYC, we compared the performance of different bus numbers for the Brooklyn region, which included 50, 100, and 200. We observe that the evacuation rate grows with the increasing of bus numbers (Figure 8b ). Authorities could assign the buses based on existing public transportation resources in order to satisfy the public evacuation demand. 
Conclusions
In this paper, a modeling framework was presented to deliver warnings for evacuation planning during a hurricane. It reveals that sending warnings judiciously could help evacuation efficiency. The model determines warning sending sources in different time periods during the evacuation process. Both self-evacuation and public transportation evacuation are considered in this methodology. The entire modeling framework has been applied to the Hurricane Sandy scenario in the area of Brooklyn. This case study shows that this methodology generates reasonable and meaningful results, and it could be used for making evacuation planning and also informing the public during an evacuation process. In addition, the modeling framework could easily be transferred to other regions. 
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Abbreviations
The following abbreviations are used in this manuscript: Consider the simple case of a single evacuation zone and single evacuee type population with two time periods (T = 2), and with no road capacity constraint. There are n 1 evacuees of one single type in period 1 for this single zone. The global objective is to maximize the total number of evacuees (Z = Z 1 + Z 2 ), while the iterative scheme will maximize the number of evacuees at each time period: Z 1 in time period 1, and the Z 2 in time period 2. We show that the iterative procedure of evacuating the maximum number of people for each time period leads to maximizing the total number of people:
NYC
We can define p 1 = ∑ j∈J p j1 x j1 , and p 2 = ∑ j∈J p j2 x j2 as the evacuation rate at each time period, where p 1 ∈ (0, 1), and p 2 ∈ (0, 1). We obtain
where Z 1 , Z 2 , and Z are the numbers of evacuees in time period 1, 2, and total, respectively. Letting p 1 and p 1 be the values of possible p 1 , we verify that, for any p 1 ≥ p 1 , we have
If the above claim is true, for any evacuation rate that is larger than or equal to time period 1 will lead to a larger than or equal to total evacuation rate.
The proof is the following. Reorganizing Equation (A8),
Equation (A11) is true since p 2 ∈ (0, 1). This means that no matter how many people we evacuated at time period 2, the more people evacuated at time period 1 will lead to a bigger number of total evacuees.
We now consider another case of three time periods (T = 3) with other conditions being the same as the two time period case. The model is shown as follows:
Subject to Then, p 1 ∈ (0, 1), p 2 ∈ (0, 1), and p 3 ∈ (0, 1). We can obtain
Let p 12 be the average evacuation proportion in time period 1 to 2, so p 12 ∈ (0, 1), and we have
According to Equation (A18), we get the total evacuees number of the three time period as:
Since Equation (A24) is as the same formula as Equation (A7), the number of evacuees in the third time period ( Z 3 ) is equivalent to treating the first two time periods as one time period with updated evacuation rates, and p 12 and the third time period as the second time period in the previous example. This means that no matter how many people we evacuated at time period 3, the more people evacuated at time periods 1 and 2, the better it is.
Using induction, we can infer that in the single zone and single type of evacuee case with no congestion, in order to maximum the total number of evacuees, we need to evacuate as many people as we can at each time period. This is what the iterative scheme method does.
As the different population types do not share roadway capacity (Equations (6) and (7)), this can further be extended to multiple population groups, i.
Appendix B. Counterexample for a Multiple Zone Case
Consider the case of a single evacuee type, two zones, two time periods and two kinds of warning sources, which constitute four kinds of sending warning source types (0, 1, 2, 1 & 2). The two zones share the same link with capacity (C t ). Then, we have: 
∑ j∈J x jkt ≤ 1 ∀t ∈ T, ∀k ∈ K,
x jkt ∈ {0, 1} ∀j ∈ J, ∀t ∈ T, ∀k ∈ K,
n k2 = n k1 − ∑ j∈J n k1 p j1 x jk1 ∀k ∈ k.
In this numerical experiment, all the input parameters are set as follows:
• Number of people need to be evacuate at beginning (t = 1) in different zone (n kt ): n 11 = 100, n 12 = 200; By using our iterative scheme, we firstly obtain the solution of time period 1, (x 211 = 1, x 421 = 1), and this strategy of time period 1 can evacuate 75 people (Z 1 = 75). Then, we solve time period 2 and obtain the solution of time period 2 (x 112 = 1, x 222 = 1), which can evacuate 70 people at time period 2 (Z 2 = 70). This means that if we send the warning from source type 2 to zone 1 and from source type 4 to zone 2 in the first time period, then send the warning from source type 1 to zone 1 and from source type 2 to zone 2 in the second time period, there are 145 people that can be evacuated.
However, this solution is not the best solution in this situation. Sending another warning strategy can improve the solution. If we evacuate less people in zone 2 and more people in zone 1 during the first time period, more people could be evacuated (x 411 = 1, x 321 = 1, x 112 = 1, x 222 = 1). The total number of evacuees in this case is 150 (Z 1 = 70, Z 2 = 80). Study   Table A1 . The response rate p ijt . 
Appendix C. Parameter p ijt Used in the Case
